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Recent developments in immuno-oncology demonstrate that not only cancer cells, but also the tumor microenvironment can guide
precision medicine. A comprehensive and in-depth characterization of the tumor microenvironment is challenging since its cell
populations are diverse and can be important even if scarce. To identify clinically relevant microenvironmental and cancer features, we
applied single-cell RNA sequencing to ten human lung adenocarcinomas and ten normal control tissues. Our analyses revealed
heterogeneous carcinoma cell transcriptomes reflecting histological grade and oncogenic pathway activities, and two distinct
microenvironmental patterns. The immune-activated CP²E microenvironment was composed of cancer-associated myofibroblasts,
proinflammatory monocyte-derived macrophages, plasmacytoid dendritic cells and exhausted CD8+ T cells, and was prognostically
unfavorable. In contrast, the inert N³MC microenvironment was characterized by normal-like myofibroblasts, non-inflammatory
monocyte-derived macrophages, NK cells, myeloid dendritic cells and conventional T cells, and was associated with a favorable prognosis.
Microenvironmental marker genes and signatures identified in single-cell profiles had progonostic value in bulk tumor profiles. In
summary, single-cell RNA profiling of lung adenocarcinoma provides additional prognostic information based on the microenvironment,
and may help to predict therapy response and to reveal possible target cell populations for future therapeutic approaches.
Oncogene; https://doi.org/10.1038/s41388-021-02054-3
INTRODUCTION
Lung cancer has a poor prognosis and accounts for the majority of
new cases and deaths of cancer worldwide [1]. The most common
subtype of lung cancer, in particular in nonsmokers, is lung
adenocarcinoma [2]. Presently, molecular profiling of driver
mutations is guiding treatment with targeted therapies [3, 4]
and expression of PD-L1 in tumor cells is used to predict response
to immune checkpoint inhibitors [5]. Comprehensive characteriza-
tion including features of the tumor microenvironment could
provide more precise patient stratifications.
Cancers are multicellular communities comprising malignant
epithelial cells and different types of nonmalignant immune and
stromal cells which exhibit dynamic and reciprocal interactions.
Modulation of immune responses, remodeling of the extracellular
matrix and neoangionesis essentially determine the aggressive-
ness of cancer [6]. Current bulk omics analyses do not allow high-
resolution characterization of cellular diversity of the tumor
microenvironment. However, comprehensive single-cell profiling
of patient tissue is emerging as an essential tool to estimate the
clinical relevance of individual cell types in the tumor.
In this study, we analyzed tumor epithelial cells and associated
nonmalignant cells of the tumor microenvironment of lung
adenocarcinomas by single-cell RNA sequencing. Extending
previous single-cell studies [7–10], we found that the hetero-
geneous cellular composition of the tumor microenvironment
across patients follows specific patterns that were associated with
the differentiation grade of carcinoma cells. Translation of our
findings to an retrospective cohort characterized by bulk gene
expression revealed potential prognostic relevance of microenvir-
onmental patterns. We conclude that a comprehensive profiling of
the lung adenocarcinoma microenvironment may help to reveal
novel clinically relevant tumor subtypes based on carcinoma cells
and microenvironmental features.
RESULTS
Single-cell RNA sequencing uncovers the cellular diversity of
lung adenocarcinomas
To study the cellular composition of lung adenocarcinoma, ten
normal lung and ten lung adenocarcinoma fresh tissue samples
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were collected during surgery and subjected to unsorted single-
cell RNA sequencing, yielding 114,489 high-quality transcriptomes
after quality control and filtering (Fig. 1A, Supplementary Fig. 1A,
B). Evaluation of consecutive H&E stained tissue sections showed
tumor morphology ranging from well differentiated lepidic to
poorly differentiated sarcomatoid growth patterns (Supplemen-
tary Fig. 2).
Analysis and visualization by Uniform Manifold Approximation
and Projection (UMAP) [11] showed that single-cell transcriptomes
of different tissue types or patients intermingled in many clusters,
excluding general batch effects, and partly formed tumor- or
patient-specific clusters, indicating underlying biological differ-
ences (Fig. 1B, C, Supplementary Fig. 1C). To uncover which
cellular compartments account most for interpatient variability, we
analyzed single-cell transcriptomes for the expression of epithelial,
immune, and stromal marker genes. In total, 20,450 epithelial,
89,766 immune, and 4273 stromal single-cell transcriptomes were
covered, suggesting an overrepresentation of immune cell
transcriptomes as observed in other studies [9, 12]. Yield of
epithelial transcriptomes varied by histological subtype, as we
observed a frequency <10% in solid/sarcomatoid, but up to >40%
in lepidic/acinar carcinomas (Fig. 1D). Epithelial cells showed the
highest degrees of interpatient heterogeneity (Fig. 1C, D).
Intertumoral heterogeneity of tumor epithelial cells reflects
differentiation gradients
To further dissect interpatient variability within the epithelial cell
compartment, epithelial transcriptomes were subset and reclus-
tered (Supplementary Fig. 3A). Clusters were defined as normal or
tumor cell clusters, based on tissue origin (Supplementary Fig. 3B),
which was largely congruent with the copy-number status of cells
(Supplementary Fig. 4A, B), and demonstrated a tumor purity
>90%. Within the normal cell clusters, we found alveolar type 1
and 2, club, ciliated, and even a small cluster of neuroendocrine
cells (Fig. 2A), which were characterized by expression of typical
individual marker genes (Fig. 2B) and gene signatures (Supple-
mentary Fig. 5A, B) [13, 14]. The club cell cluster also expressed
basal cell marker genes such as NGFR and KRT5 indicating an
admixture of small amounts of basal cells (Fig. 2B). Tumor cell
clusters segregated from normal cell clusters and were mainly
patient-specific, indicating intertumoral heterogeneity (Fig. 2A).
This was underlined by a variety of genes differentially expressed
across tumors such as EGFR, TFF3, CDKN2A, and SFTPA2 (Fig. 2C,
black arrowheads), correlating with protein expression as shown
by immunostaining (Fig. 2D). We quantified oncogenic signal
strengths by pathway target gene signature expression and found
highly variable activities for EGFR, TGFβ, JAK/STAT, Hypoxia, and
PI3K signaling across the different patients (Fig. 2E). These signal
strengths were largely unrelated to the mitotic activity of tumor
epithelial cells (Supplementary Fig. 3C). p53 signaling was
significantly reduced in tumors harboring TP53 mutations,
whereas pathway activity scores for EGFR and MAPK signaling
were not significantly higher in KRAS-mutated compared to
KRAS-wildtype tumors (Supplementary Fig. 3D).
Despite obvious intertumoral heterogeneity, we also noted
shared features of epithelial tumor cell transcriptomes across
patient subgroups. In order to emphasize similarities between
tumors, epithelial transcriptomes were embedded in low-
dimensional UMAPs (4, 6, 8 instead of 20 dimensions). Here,
tumor cells clustered by histological subtype rather than by
Fig. 1 Single-cell RNA sequencing of lung adenocarcinomas. A Schematic representation of the workflow, ten normal (blue) and ten tumor
(red) tissue samples were obtained from 12 patients. B, C UMAPs based on the top 15 principal components of all single-cell transcriptomes
after filtering, color-coded by (B) tissue type, or (C) patient. D Overview of clinical features, clinically relevant oncogenic mutations and gene
fusions; quantification of main cell types per patient and UMAP of all single-cell transcriptomes color-coded by main cell type.
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Fig. 2 Intertumoral heterogeneity of tumor epithelial cells in lung adenocarcinomas. A UMAPs based on the top 20 principal components
of all epithelial single-cell transcriptomes color-coded by tissue type, cell type and patient, and quantification of epithelial cell types per tissue
type, AT1, alveolar type 1 cells, AT2, alveolar type 2 cells. B Average gene expression of selected marker genes for normal epithelial cell types.
C Differentially expressed genes in tumor epithelial cells grouped by patients, maximum top ten genes showed per patient, for patient color
code see (A). D Immunohistochemical staining of proteins encoded by selected differentially expressed genes indicated by black arrowheads
in (C). E Mean pathway activity scores of tumor epithelial cells grouped by patient. F Distribution of histological subtypes, (G) mean module
scores of normal epithelial cell type gene signatures, and (H) mean pathway activity scores of tumor epithelial cells sorted along principal
component 1 (PC1). F, G, H Principal component analysis based on gene expression of all tumor epithelial single-cell transcriptomes;
schematic depiction of tumor cell signature module scores along PC1.
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patient (Supplementary Fig. 3E), and the first principal component
(PC1) displayed a gradient along histological grades (Fig. 2F,
Supplementary Fig. 3E, F). Interestingly, SCGB3A1 and SCGB3A2
(Fig. 2C, white arrowheads), two genes that were previously
associated with lung development [15], were positively correlated
with PC1 (Supplementary Fig. 3G, arrowheads). Moreover, gene
signature scores of normal lung cell types [13] along PC1 showed
a strong positive correlation with gene expression profiles of
alveolar type 1 and 2 as well as club cells (Fig. 2G). Together, this
indicates that PC1 reflects the degree of differentiation of tumor
epithelial cells. Hence, the top 30 genes positively and negatively
correlated with PC1 were defined as an “alveolar/club-like” and
“undifferentiated” tumor cell signature, respectively (Fig. 2F–H,
Supplementary Fig. 3G, H). While tumor cells with different
degrees of differentiation exhibited no clear differences in mitotic
activity (Supplementary Fig. 3I), we found high pathway activity
scores for JAK/STAT, Hypoxia, EGFR and TGFβ signaling in
“undifferentiated”, and high scores for PI3K signaling in “alveo-
lar/club cell-like” tumor epithelial cells, respectively (Fig. 2H). We
conclude that tumor epithelial cells of different lung adenocarci-
noma patients exhibit transcriptional patterns along a spectrum
ranging from undifferentiated to alveolar/club cell-like pheno-
types correlating with distinct oncogenic pathway activity.
Two subtypes of myofibroblasts constitute the tumor stromal
microenvironment
We subset and analyzed stromal cells from both normal
and tumor tissue samples. Different clusters of endothelial and
lymphatic endothelial cells, fibroblasts, myofibroblasts and
smooth muscle cells and mesothelial cells (Fig. 3A, Supplementary
Fig. 6A) were identified by marker genes (Fig. 3B) and gene
signatures (Supplementary Fig. 5A, B) [13, 14]. Tumor endothelial
cells were mainly represented by clusters 2 and 4 (Fig. 3A), and
showed high expression of angiogenesis markers such as VWA1
and HSPG2, as well as INSR, encoding an endothelial marker
protein and possible therapeutic target [9] (Supplementary Fig. 6B,
arrowheads).
Among the fibroblastic/muscle cell clusters, we detected a shift
from fibroblast to myofibroblast cell clusters in tumor tissues
(Fig. 3A), which we also observed in an independent dataset
(Supplementary Fig. 7A). Myofibroblast clusters were characterized
by expression of both fibroblastic marker genes, such as PDGFRA
and LUM, and smooth muscle marker genes, such as MYLK and
ACTA2 (Fig. 3B). Notably, myofibroblast cluster 2 was almost
exclusively found in tumor tissues while myofibroblast cluster 1
encompassed normal and tumor tissues. Myofibroblast cluster 2
displayed high expression of collagens such as COL3A1, COL5A1,
Fig. 3 Composition of the stromal microenvironment of lung adenocarcinomas. A UMAPs based on the top 20 principal components of
all stromal single-cell transcriptomes split by tissue type, color-coded by cell cluster; and relative quantification of endothelial and
fibroblastic/muscle cell clusters per tissue type and, for tumor samples, per patient. B Average gene expression of selected marker genes
for stromal cell clusters, for cell cluster color code see (A). C Differentially expressed genes of fibroblastic/muscle cell clusters, maximum top
ten genes showed per cell cluster, for cell cluster color code see (A), black arrowheads indicate relevant marker genes of myofibroblast
cluster 2 mentioned in the main text. D Mean pathway activity scores of different fibroblastic/muscle cell clusters, mesothelial cells
excluded, black arrowheads indicate relevant pathways of myofibroblast clusters 1 and 2 mentioned in the main text. E Correlation of the
relative quantity of myofibroblast clusters 1 and 2, color-coded by patient; Spearman’s correlation statistics, linear regression line.
F Immunohistochemical staining of CTHRC1 as marker for myofibroblast cluster 2 (see also (C)), quantification of proportion of stromal
areal covered by CTHRC1+ cells, mean ± s.d., n= 10 per patient, for patient color code see (E); Pearson’s correlation statistics and linear
regression line using mean values per patient.
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COL5A2 and COL6A3, other matrix proteins such as VCAN, as well as
matrix-degrading enzymes such as SULF1 and MMP11, suggesting
roles in extracellular matrix remodeling (Fig. 3C, arrowheads).
Myofibroblast cluster 2 was also characterized by high activity of
TGFβ and JAK/STAT signaling as well as hypoxia-induced pathways
(Fig. 3D), which are known features of cancer-associated myofibro-
blasts [16, 17]. In contrast, myofibroblast cluster 1 exhibited low
activities of these pathways. Relative proportions of myofibroblast
clusters 1 and 2 within the fibroblastic/muscle cell compartment
correlated inversely across patients (Fig. 3E). The distribution of
myofibroblast cluster 2 cells could be validated by immunostaining
for the cluster-specific marker CTHRC1 (Fig. 3F, see also Fig. 3C). We
conclude that myofibroblasts cluster 1 and 2 represent “normal-like”
and “cancer-associated” phenotypes of myofibroblasts, respectively,
and either of them can predominate the stromal microenvironment.
The tumor immune microenvironment exhibits pro- and non-
inflammatory traits
We next subset and analyzed immune cells of the tumor
microenvironment. We identified different clusters of tissue-
resident and monocyte-derived macrophages, monocytes, mye-
loid and plasmacytoid dendritic cells, mast cells, and T, NK, B,
and plasma cells (Fig. 4A, Supplementary Fig. 8A–C) based on
typical marker genes (Fig. 4B) and gene signatures (Supplemen-
tary Fig. 5A, B) [13, 14].
Although immune cell clusters usually encompassed both normal
and tumor tissue-derived transcriptomes, we noted quantitative
shifts in the cellular composition of the tumor immune microenvir-
onment (Fig. 4A). Among myeloid cell types in the tumor,
monocyte-derived macrophages, defined by markers such as
CD14, CSF1R and LGMN (Fig. 4B) [18, 19] and dendritic cells were
increased, while tissue-resident macrophages and monocytes were
decreased, which we also observed in an independent dataset
(Supplementary Fig. 7B). Tumor myeloid cell compartments were
particularly rich in monocyte-derived macrophage clusters 1 and 2.
Of these, cluster 1 showed high expression of SELENOP (Supple-
mentary Fig. 8B, arrowhead), which has been related to M2
polarization [20], and low scores of immune response-related
signatures (Fig. 4C, white arrowheads), while cluster 2 expressed
high levels of proinflammatory chemokines, such as CXCL9 and
CXCL10, the proinflammatory cytokine IL1B (Supplementary Fig. 8B,
arrowheads), and gene signatures related to immune response and
M1 polarization [21, 22] (Fig. 4C, black arrowheads). This indicates
that monocyte-derived macrophage clusters 1 and 2 represent non-
and proinflammatory functional states, respectively, which were
inversely correlated across patients (Fig. 4D). In addition, the
proportion of proinflammatory monocyte-derived macrophages
cluster 2 correlated with other myeloid cell types such as
plasmacytoid dendritic cells (Fig. 4D). The distribution of proin-
flammatory monocyte-derived macrophages cluster 2 and plasma-
cytoid dendritic cells was validated by immunostaining for CXCL9
and CD123, respectively (Fig. 4E, Supplementary Fig. 8D).
Within the tumor lymphoid cell compartment, CD8+ T, B, and
plasma cells were increased, while NK and conventional T cells
were decreased compared to normal tissue controls (Fig. 4A).
Regulatory T cells were almost exclusively found in tumor tissue
samples and expressed inhibitory molecules such as CTLA4 and
TIGIT (Supplementary Fig. 8C, arrowheads) corresponding to their
immunosuppressive role [23]. We identified in total four clusters of
CD8+ T cells (Fig. 4A). The tumor-enriched CD8+ T cell clusters 1
and 2 and proliferating CD8+ T cells were characterized by an
exhaustion signature [10] (Fig. 4F, black arrowheads), while this
score was low in the normal-enriched CD8+ T cell cluster 3
(Fig. 4F, white arrowhead). Exhausted CD8+ T cells were
significantly associated with proinflammatory monocyte-derived
macrophages (cluster 2) and plasmacytoid dendritic cell numbers
(Fig. 4G), and a similar trend, albeit not significant, was seen for
regulatory T cells.
Taken together, we identify patient-overarching changes of the
immune cell composition from normal lung tissue to adenocarci-
noma, and distinct tumor immune microenvironment patterns
contributing to interpatient heterogeneity.
The tumor microenvironment of lung adenocarcinoma
features two major patterns
To integrate our analyses of variable cell prevalences in the tumor
microenvironment, we calculated proportions of cells of the
myeloid, lymphoid, endothelial and fibroblastic/muscle cell
compartments across patients (for cell counts see Supplementary
Tables 1–4). Principal component analysis showed that tumors
formed subgroups based on the cellular composition of the tumor
microenvironment (Fig. 5A). One group of tumors (P018, P019,
P024, P031, P032, and P033) was marked by normal-like
myofibroblasts, non-inflammatory monocyte-derived macro-
phages, NK cells, myeloid dendritic cells and conventional
T cells, referred to as N³MC pattern (Fig. 5B, Supplementary Figs.
7C, 9A). A second group of tumors (P023, P027, P030 and P034)
was characterized by cancer-associated myofibroblasts, proin-
flammatory monocyte-derived macrophages, plasmacytoid den-
dritic cells and exhausted CD8+ T cells, referred to as CP²E pattern
(Fig. 5B, Supplementary Figs. 7C, 9A). Comparable patterns were
also found in an independent single-cell dataset of primary lung
adenocarcinoma (Supplementary Fig. 7D–F). The two microenvir-
onmental patterns roughly separated tumors by histological grade
(Fig. 5A, Supplementary Fig. 7C), by expression scores of “alveolar/
club-like” versus “undifferentiated” tumor cell signatures (Fig. 5B),
and by prevalence of microenvironmental cell clusters (Fig. 5B, C,
Supplementary Fig. 9B).
We quantified potential receptor-ligand interactions within the
N³MC and CP²E tumor microenvironments, which were most
frequent between tumor cells and cancer-associated myofibro-
blast cluster 2 of the CP²E pattern (Supplementary Table 5).
Focusing on the most relevant oncogenic pathways (Supplemen-
tary Table 6), we found that tumor cells in the CP²E environment
receive potential paracrine signals from cancer-associated myofi-
broblast cluster 2 activating Ephrin, FGF, WNT, TGFβ, and BMP
signaling, and from proinflammatory monocyte-derived macro-
phages cluster 2 potentially activating JAK/STAT signaling (Fig. 5D,
Supplementary Fig. 10).
To test if tumor microenvironmental patterns can be recapitu-
lated by bulk gene expression patterns in larger patient cohorts,
we analyzed the expression of cell cluster marker genes in The
Cancer Genome Atlas (TCGA) lung adenocarcinoma cohort
encompassing 533 patients (for marker genes see Supplementary
Tables 7–10). We found a specific positive correlation of the
alveolar/club-like tumor cell signature with non-inflammatory
monocyte-derived macrophages and normal-like myofibroblasts,
recapitulating the N³MC pattern, and of the undifferentiated
tumor cell signature with proinflammatory monocyte-derived
macrophages and cancer-associated myofibroblasts, recapitulat-
ing the CP²E pattern (Fig. 5E, Supplementary Fig. 9C).
To investigate the biological and clinical relevance of these
patient subgroups, we analyzed the overall survival of the TCGA
lung adenocarcinoma cohort contigent on expression of the
different gene signatures. N³MC-related gene signatures were
associated with a better overall survival compared to signatures of
the CP²E pattern (Fig. 5F). In multivariate analyses, this association
was significant for the tumor cell signatures (HR 0.50, 95% CI 0.35-
0.71, p= 0.0001). Although individual cell cluster signatures had
different prognostic relevance, a combination of all cell cluster
signatures as well as a simplified signature of 20 genes separated
patients into prognostic subgroups (Fig. 5F, Supplementary Fig.
11A–C, Supplementary Table 11). The group with worse prognosis
and higher CP²E scores was characterized by more frequent
mutations in KEAP, NTRK3, ROS1, and TP53 as well as higher
mutational burden (Fig. 5G).
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In summary, our results show that lung adenocarcinomas can
be stratified into clinically relevant subgroups which are not only
characterized by the grade of tumor epithelial cells, but also by
the cellular composition of their associated tumor microenviron-
ment (Fig. 5H). We therefore propose two major microenviron-
mental patterns in lung adenocarcinoma which we term N³MC
and CP²E as akronyms of the respective characteristic cell types.
DISCUSSION
By applying single-cell RNA sequencing to lung adenocarcinomas,
we identified two major microenvironmental patterns, referred to
as N³MC and CP²E (Fig. 5H). We characterized the N³MC tumor
microenvironment as rather inert and normal-like, as it was
defined by normal-like myofibroblasts, conventional T cells, NK
cells, non-inflammatory monocyte-derived macrophages and
P. Bischoff et al.
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myeloid dendritic cells. The N³MC pattern was associated with an
alveolar/club-like gene expression pattern of carcinoma cells,
lower histological grade and better prognosis. In contrast, the CP²E
tumor microenvironment was proinflammatory and characterized
by proinflammatory monocyte-derived macrophages, plasmacy-
toid dendritic cells, exhausted CD8+ T cells and cancer-associated
myofibroblasts. The CP²E pattern was associated with an
undifferentiated gene expression pattern of carcinoma cells,
higher histological grade, and worse prognosis.
In the clinic, tumor stage and histological grading are used to
predict prognosis in lung adenocarcinoma. Grading is based on
the predominant growth pattern but other histological features
have been proposed in order to improve risk stratification [24, 25].
However, these concepts focus on the carcinoma cells and do not
include features of the complex composition of the tumor
microenvironment. Most available studies on prognostic micro-
environmental features focus on single-cell types identified by
immunostaining. Cancer-associated fibroblasts were found to
correlate with worse prognosis using different biomarkers
[26–28], while tumor-infiltrating T cells indicated better prognosis
in multiple studies [29–31]. The prognostic value of proinflamma-
tory tumor-associated macrophages (M1) is inconclusive across
the available studies, likely because differentiation of macrophage
subtypes by immunostaining is limited [32]. In order to account for
the complexity of the tumor microenvironment, patterns based on
tumor-infiltrating T cells and PD-L1 expression have been
proposed [33, 34]. Beyond this, the cellular complexity has
recently been studied by multiplexed immunostaining [35, 36].
Gene expression profiling of immune-related genes provide
further functional insights, but have yet been limited to the use
of bulk methods [37–39]. Single-cell RNA sequencing combines
both a comprehensive census of microenvironmental cell types
and an in-depth functional characterization of their transcriptional
profiles. In our study, the microenvironmental CP²E pattern was
associated with worse prognosis, which is in line with existing
evidence for cancer-associated myofibroblasts [40] and plasma-
cytoid dendritic cells [41], but partly contradicts previous works
with regard to proinflammatory tumor-associated macrophages
[32]. The absence of cancer-associated myofibroblasts, and the
presence of NK cells [42] and conventional T cells [31] support the
association of the N³MC pattern with better prognosis.
Characterization of PD-L1 expression on tumor-infiltrating
immune cells is already used to predict response to immune
checkpoint inhibitors [43], but more comprehensive character-
ization of the microenvironment will likely provide even deeper
insights for patient stratification and drug development.
Recently, expression of the proinflammatory cytokines CXCL9
and CXCL10 by tumor-associated macrophages has been shown
to be essential for tumor response to anti-PD-L1 therapy [44, 45].
High expression of these cytokines in proinflammatory
monocyte-derived macrophages, high numbers of exhausted
CD8+ T cells [46] and high mutational burden [47] indicates a
predictive relevance of the CP²E microenvironment. In addition,
the CP²E pattern was characterized by cancer-associated
myofibroblasts expressing potential novel therapeutic targets,
such as PSTN and MMP11 [48, 49]. Despite an overall depletion of
NK cells in tumors in agreement with other studies [7, 9], the
N³MC microenvironmental pattern still contained small popula-
tions of NK cells which could potentially be targeted by
immunostimulatory agents [50]. Furthermore, we confirmed
enrichment of B cells in some tumors [8, 9] with potential
importance in development of novel immunotherapies [51].
We envisage that single-cell approaches will also contribute to a
better understanding of tumor cells with regard to their high
mutational burden [52] and genomic intertumoral heterogeneity
[53]. Squamous and adenocarcinomas of the lung can exhibit
distinct transcriptional differences [54, 55], and interestingly,
despite intertumoral heterogeneity, we found that tumor epithe-
lial transcriptomes retained histology-related patterns that we
termed “alveolar/club-like” and “undifferentiated” across patients
which are reminiscent of recently defined signatures [9]. The
“undifferentiated” tumor cell signature was characterized by high
activity of TGFβ signaling and hypoxia-induced pathways, which
are both known activators of epithelial-mesenchymal transition
[56, 57], corresponding to poor histological differentiation of these
tumors. The “alveolar/club-like” signature was characterized by
PI3K signaling, an important oncogenic pathway promoting tumor
growth and potentially affecting the tumor microenvironment by
upregulating PD-L1 expression in carcinoma cells [58–60]. EGFR
and JAK/STAT signaling, associated with the “undifferentiated”
signature, and PI3K signaling, associated with the “alveolar/club-
like” signature, are potential therapeutic targets [4, 60, 61]. We
identified cancer-associated myofibroblasts as potential sources of
TGFβ ligands in the CP²E pattern, while EGFR interactions were
equally present in both patterns, underlining that signaling
pathways in tumor cells can be activated extrinsically via paracrine
signals from the microenvironment but also via other mechan-
isms, e.g., intrinsically via oncogenic mutations.
Single-cell approaches provide high-resolution information on
the cellular complexity of tumor tissues but are limited in cohort
size. We validated some findings from single-cell RNA sequencing
by immunostainings and identified a prognostic set of 20 genes
recapitulating microenvironmental patterns. Alternative methods,
such as multiplex immunostaining or bulk gene expression
profiling, will facilitate validation of findings in large cohorts and
translation into clinical application. So far, our findings suggest a
prognostic relevance of tumor microenvironmental patterns
which could aid in therapeutical decision making. Moreover,
preclinical findings from other groups suggest that tumor
microenvironmental patterns could be associated with differential
responses to immune checkpoint inhibition, thus distinct micro-
environmental features such as tumor-infiltrating CD8+ T cells or
CXCL9+ macrophages could complement current patient strati-
fication by PD-L1 expression. Finally, characterization of the tumor
microenvironment on single-cell resolution can provide insight on
possible novel therapeutic targets. It remains an open question to
which extent cancer cells shape their microenvironment and to
which extent the microenvironment affects cancer cells. Preclinical
efforts need to be complemented by translational studies to
identify critical mechanisms in this complex network that
Fig. 4 Composition of the immune microenvironment of lung adenocarcinomas. A UMAPs based on the top 20 principal components of all
immune single-cell transcriptomes split by tissue type, color-coded by cell cluster; and relative quantification of myeloid and lymphoid cell
clusters per tissue type and, for tumor samples, per patient. B Average gene expression of selected marker genes for immune cell clusters, for
cell cluster color code see (A). C Module scores of gene signatures related to inflammation and M1/M2 polarization of different macrophage
clusters, white and black arrowheads indicate monocyte-derived macrophage clusters 1 and 2, respectively, for cell cluster color code see
(A). D Correlation of the relative quantity of selected myeloid immune cell clusters, for patient color code see (G); Spearman’s correlation
statistics, linear regression line. E Immunohistochemical staining of CXCL9 and CD123 as markers for monocyte-derived macrophage cluster 2
and plasmacytoid dendritic cells, respectively, quantification of CXCL9+ or CD123+ cells per 0.48 mm², mean ± s.d., n= 10 per patient, for
patient color code see (G); Pearson’s correlation statistics and linear regression line using mean values per patient. F Module scores of gene
signatures related to cytotoxicity and exhaustion of different CD8+ T cell clusters, white and black arrowheads indicate cell clusters enriched
in normal or tumor tissue, respectively, for cell cluster color code see (A). G Correlation of the relative quantity of selected lymphoid and
myeloid immune cell clusters, color-coded by patient; Spearman’s correlation statistics, linear regression line.
P. Bischoff et al.
7
Oncogene
determine tumor response to targeted or immune therapies in the
clinical context. While our study demonstrates how single-cell
gene expression profiling of clinical samples can contribute to this
task, in the future, other single-cell approaches comprising spatial
information [62], surface protein expression [63], and epigenetic
characterization [64] will help to complete the picture [65].
METHODS
Collection of tissue specimens
Fresh normal lung parenchyma and tumor tissues were obtained during
intraoperative pathologist consultation from previously untreated lung
adenocarcinoma patients undergoing primary surgery. Patients were
aware of the planned research and agreed to the use of tissue. Research
was approved by vote EA4/164/19 of the ethics committee of Charité—
Universitätsmedizin Berlin.
Tissue dissociation and single-cell isolation
Tissue specimens of ~0.1–0.5 cm³ were stored on ice in Tissue Storage
Solution (Miltenyi, Bergisch Gladbach, Germany) for transport. Tissues were
minced, dissociated using the Tumor Dissociation Kit, human (Miltenyi) and a
gentleMACS Octo Dissociator with heaters (Miltenyi), using program
37C_h_TDK_1 for 30–45min. Subsequent steps were performed at 4 °C. Cell
suspensions were filtered using 100 μm filters, pelleted by centrifugation at
300 × g in BSA-coated low-binding tubes, treated with 1ml ACK erythrocyte
lysis buffer for 1min, washed with DMEM, pelleted, resuspended in PBS,
P. Bischoff et al.
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filtered using 20 μm filters, debris was removed using the Debris Removal
Solution (Miltenyi), and cells were counted using a Neubauer chamber.
Single-cell RNA sequencing
10,000 single cells were used for single-cell library production, using the
Chromium Single Cell 3′ Reagent Kit v3 and the Chromium Controller (10x
Genomics, Pleasanton, California, USA) according to the manufacturer’s
protocol. Libraries were sequenced on a HiSeq 4000 Sequencer (Illumina,
San Diego, California, USA) at in average 54,000 reads per cell.
H&E and immunostaining
3–5 μm tissue sections of formalin-fixed and paraffin-embedded (FFPE) tissue
were prepared. For H&E staining, sections were stained for 8min in acidic
haemalum staining solution (Waldeck, Münster, Germany) and for 2.5min in
eosin staining solution (Sigma-Aldrich, St. Louis, Missouri, USA) using a Tissue-
Tek Prisma Plus slide stainer (Sakura, Staufen im Breisgau, Germany).
Immunohistochemical stainings were performed on the BenchMark XT
immunostainer (Ventana, Oro Valley, Arizona, USA). Tissue sections were
incubated in CC1 or CC2 buffer (Ventana) for 30min at 100 °C, and
subsequently with primary antibodies for 60min and with secondary
antibodies for 30min at room temperature. Multiplex immunofluorescence
stainings were performed using t-CyCIF as described in [66]. Primary
antibodies are listed in Supplementary Table 12. H&E and immunohisto-
chemical images were taken using a Pannoramic SCAN 150 scanner
(3DHISTECH, Budapest, Hungary), immunofluorescence images were taken
using a CQ1 microscope (Yokogawa, Musashino, Japan). For quantification,
10 random areas of 0.48mm² each were analyzed by a pathologist. CD123-
and CXCL9-positve cells were counted per area. For CTHRC1 quantification,
using the ImageJ software, stromal area was manually marked as region of
interest, color channels were split by “Color deconvolution”, the DAB
channel was binarized using an intensity threshold of 150, and the
proportion of area covered by positive signal was measured per image.
Panel sequencing
For panel sequencing, tumor-enriched areas were macrodissected from
FFPE tissue sections.
DNA was isolated using the Maxwell RSC DNA FFPE Kit (Promega,
Madison, Wisconsin, USA) on a Maxwell RSC 48 Instrument (Promega) and
analyzed using the nNGM panel v1 (ThermoFisher, Waltham, Massachu-
setts, USA), an Ion 530 chip (ThermoFisher) and the Ion Chef/Ion S5 XL
System (ThermoFisher).
RNA was isolated using the Maxwell RSC RNA FFPE Kit (Promega) on a
Maxwell RSC 48 Instrument (Promega) and analyzed using the Oncomine
Focus RNA Assay (ThermoFisher), an Ion 530 chip and the Ion Chef/Ion S5
XL System (ThermoFisher).
The Sequence Pilot Software (Version 4.4.0, JSI Medical Systems) and the Ion
Reporter Software (Version 5.12, ThermoFisher) were used for variant calling.
Single-cell RNA sequencing data analysis
Preprocessing, filtering, and normalization. UMIs were quantified using
Cellranger 3.0.2 (10x Genomics) with reference transcriptome GRCh38.
Subsequent analyses were performed using “Seurat v3” [67], if not stated
otherwise. Single-cell gene expression data of all patients were merged,
and transcriptomes were filtered for cells with 500–10,000 genes detected,
1000–100,000 UMIs counted, fraction of mitochondrial reads <30%, and
fraction of hemoglobin reads <5%. After filtering, UMI counts were
variance-stabilized using scTransform with 3000 variable features [68],
while regressing out number of UMIs and fraction of mitochondrial reads.
Clustering and cell type annotation. Top 15 principal components were
used to construct SNN graph and UMAP embedding. Main cell types were
identified by scoring canonical cell type markers across clusters. PCA, SNN
graph construction and UMAP embedding was rerun on main cell type
subsets. Cell type markers were adapted from Habermann et al. [69]. and
Tata and Rajagopal [70] (Supplementary Table 13). Cell type signatures
from Vieira Braga et al. [13] and Travaglini et al. [14] were used to validate
manual cell type annotation. Epithelial or immune contaminated clusters
were identified by EPCAM or PTPRC, respectively, and removed before
further analyses. DoubletFinder v2.0 was used to estimate cell doublet
distribution (Supplementary Fig. 1D). Epithelial cell clusters overrepre-
sented in tumor tissue samples were annotated as tumor cells. For copy-
number assignment, InferCNV v1.3.3 was used with default parameters.
Differential gene expression analysis. Marker genes for each cell cluster
versus all cells of the respective subset were computed using the
FindAllMarkers function with the following parameters: only positive
markers, fraction of expressing cells inside the cluster ≥0.25, difference
between fraction of expressing cells inside and outside the cluster ≥0.25,
log fold change between cells inside and outside the cluster ≥0.25.
Functional analysis. Cell cycle phases were scored as implemented in
“Seurat v3”. Expression of gene sets of the Hallmark signature collection of
the Broad Institute [21], and M1 vs. M2 up- and downregulated genes [22]
were scored using the AddModuleScore function. Oncogenic signaling
pathway activity scores were computed using the R package “progeny”
[71, 72]. Potential paracrine interactions were computed using the
“CellPhoneDB” toolkit with default parameters [73].
Analysis of the TCGA lung adenocarcinoma cohort
FPKM-normalized gene expression values of 533 lung adenocarcinoma
(LUAD) cases were downloaded using the R package “TCGAbiolinks” [74] and
log2 transformed. Marker genes frommyeloid, lymphoid, endothelial, stromal
cell subsets, and the “alveolar/club-like” and “undifferentiated” tumor cell
signatures were used as gene sets to perform single-sample gene set
enrichment analysis (ssGSEA) [75] on TCGA LUAD gene expression data using
the R package “GSVA” [76]. Associations between enrichment scores (ES)
from ssGSEA were calculated using the R package “corrplot”.
Next, patients were grouped by dichotomization of ssGSEA ES (> or
≤median). Survival data of the TCGA LUAD cohort was available for 524
cases and downloaded using the R package “TCGAbiolinks” [74]. Survival
curves, log-rank statistics and Cox regression were calculated using the R
packages “survival” and “survminer”. Data on mutations and mutational
burden was available for 525 and 242 cases, respectively.
Statistical analysis
Patient groups were compared using the Welch’s t test or Mann–Whitney
U test (both two-sided, unequal variances), as indicated, after testing for
normal distribution using the Shapiro–Wilk’s test. Distribution of mutations
across patient groups was analyzed using the Chi-squared test. For
correlation analysis, we calculated the Pearson or Spearman correlation
coefficient, as indicated. P values < 0.05 were considered significant.
Fig. 5 Tumor microenvironmental patterns in lung adenocarcinomas. A Principal component analysis based on the proportion of stromal
and immune cell clusters, color-coded by histological subtype, patients indicated. B Normalized proportion of stromal and immune cell
clusters, mean module scores of tumor cell signatures, histological subtypes and mutation status per patient, patients sorted along the first
principal component from principal component analysis in (A), cell clusters included in the model in (H) in bold. C Correlation of the
proportion of stromal and immune cell clusters, most connected section of correlation network plot shown; Spearman’s correlation statistics,
only correlations with rho > 0.7 and p < 0.05 shown. A, B, C Cell clusters occurring in <3 patients were excluded from analyses. D Number of
potential paracrine interactions from microenvironmental cell clusters to tumor cells of the N³MC or CP²E pattern, computed using
CellPhoneDB, grouped by interaction families, color-coded by number of interactions (see also Supplementary Fig. 10). E–G Analysis of the
TCGA lung adenocarcinoma cohort. E Correlation of ssGSEA enrichment scores based on marker genes of selected microenvironmental cell
clusters and tumor cell signatures; n= 533, Spearman’s correlation statistics, linear regression line. F Kaplan–Meier overall survival curves,
cases grouped by the ratio of ssGSEA enrichment scores of indicated microenvironmental cell clusters or tumor cell signatures or a combined
signature encompassing all cell clusters of the N³MC or CP²E pattern, respectively; n= 524, log-rank statistics. G Proportion of patients with
oncogenic mutations and tumor mutational burden (TMB), patients grouped by ratio of ssGSEA enrichment scores of the combined signature
in (F); n= 525 for mutations, Chi-squared test, n= 242 for TMB, two-sided Welch’s t test. H Schematic representation of subtypes of lung
adenocarcinoma characterized by different grades of tumor epithelial cell differentiation and different composition of the corresponding
tumor microenvironment.




Processed count data used for analyses is available as a Code Ocean capsule from
https://doi.org/10.24433/CO.0121060.v1.
CODE AVAILABILITY
Code used for analyses is available as a Code Ocean capsule from https://doi.org/
10.24433/CO.0121060.v1. Complementary code is available from https://github.com/
bischofp/single_cell_lung_adenocarcinoma.
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